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| ABSTRACT

Lung diseases continue to impose a significant healthcare burden in the United States, making early and accurate diagnosis
essential for effective treatment and patient management. This study proposes an explainable fusion-based transfer learning
framework for automated lung disease classification using chest X-ray and CT scan images. The proposed system integrates
state-of-the-art deep learning architectures, including ResNet50, ResNet101, and EfficientNetBO, along with feature-level and
decision-level fusion strategies to enhance classification accuracy and robustness. Experimental results demonstrate that the
hybrid fusion models outperform standalone architectures, achieving 95.68% accuracy for chest X-ray classification and 99.61%
accuracy for CT scan classification. To improve transparency and clinical reliability, Explainable Artificial Intelligence (XAl)
methods such as SHAP, LIME, and Integrated Gradients were incorporated to visualize diagnostically relevant regions. The
proposed framework offers an accurate, interpretable, and reliable Al-driven solution for pulmonary disease diagnosis in modern
U.S. healthcare systems.
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1. Introduction

Lung diseases remain one of the leading causes of morbidity and mortality worldwide, posing a significant burden on healthcare
systems, particularly in the United States [1], [2]. Chronic respiratory diseases such as pneumonia, tuberculosis, chronic
obstructive pulmonary disease (COPD), pulmonary fibrosis, and lung cancer continue to affect millions of individuals annually [3],
[4]. According to reports from the Centers for Disease Control and Prevention (CDC) and the American Lung Association,
respiratory illnesses are among the primary contributors to hospital admissions and healthcare expenditures across the United
States [5], [6]. The increasing prevalence of pulmonary diseases, combined with the growing aging population and
environmental risk factors such as smoking, air pollution, and occupational exposure, has intensified the need for accurate and
efficient diagnostic systems [7], [8]. Early detection and timely diagnosis are crucial for reducing disease progression, improving
patient outcomes, and minimizing healthcare costs [9], [10]. Medical imaging technologies have become indispensable tools in
modern clinical practice for the diagnosis and monitoring of lung diseases [11].
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Figure 1. Al-assisted medical imaging workflow for lung disease diagnosis using chest X-ray and CT scan analysis in
modern healthcare systems.

Among these technologies, chest X-rays (CXR) and Computed Tomography (CT) scans are the most widely utilized imaging
modalities for pulmonary assessment [12]. Chest radiography is often considered the first-line diagnostic imaging technique
because of its low cost, rapid acquisition, and widespread availability [13]. CT imaging, on the other hand, provides high-
resolution anatomical details that enable more precise evaluation of lung tissues and abnormalities [14]. These imaging
modalities play a vital role in identifying various thoracic diseases, including pneumonia, tuberculosis, lung nodules, pulmonary
edema, interstitial lung disease, and lung cancer [15], [16]. However, despite advancements in imaging technology, accurate
interpretation of lung images remains a highly challenging and expertise-dependent task [17]. The manual interpretation of
medical images by radiologists is often affected by several factors, including inter-observer variability, fatigue, workload
pressure, and the subtle nature of pathological patterns [18]. In the United States healthcare system, the rising demand for
radiological examinations has created significant pressure on clinicians and healthcare institutions [19]. Radiologists are
frequently required to analyze large volumes of imaging data within limited timeframes, increasing the risk of diagnostic errors
and delayed clinical decisions [20]. Furthermore, certain pulmonary abnormalities exhibit overlapping visual characteristics,
making disease differentiation particularly difficult, especially during early disease stages [21]. These limitations highlight the
necessity of developing intelligent computer-aided diagnostic systems capable of supporting clinicians through automated and
accurate disease classification [22]. Artificial Intelligence (Al), particularly Machine Learning (ML) and Deep Learning (DL), has
emerged as a transformative technology in medical image analysis [23], [24]. Over the past decade, deep learning-based
approaches have demonstrated remarkable performance in image recognition, object detection, and classification tasks across
various healthcare applications [25]. Convolutional Neural Networks (CNNs), a specialized category of deep learning models,
have become the dominant approach for medical image classification due to their ability to automatically extract hierarchical
and discriminative features from raw images [26]. CNN architectures have shown exceptional effectiveness in detecting
pulmonary abnormalities from chest X-rays and CT scans, often achieving diagnostic performance comparable to experienced
radiologists [27], [28].
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Figure 2. Transfer learning and convolutional neural network framework for automated lung disease classification from
medical imaging data.

One of the most influential advancements in deep learning is transfer learning, which enables pre-trained neural networks to be
adapted for domain-specific tasks [29]. Transfer learning significantly reduces training complexity and computational
requirements by utilizing knowledge learned from large-scale datasets such as ImageNet [30]. This approach is particularly
beneficial in medical imaging applications where annotated datasets are often limited and expensive to obtain [31]. Pre-trained
architectures including ResNet, DenseNet, VGGNet, MobileNet, EfficientNet, InceptionNet, and Xception have been extensively
employed for lung disease classification tasks [32], [33]. These architectures can effectively capture complex visual patterns and
improve diagnostic accuracy while minimizing overfitting issues [34]. Despite the impressive performance of individual deep
learning models, relying solely on a single architecture may limit the overall robustness and generalization capability of the
diagnostic system [35]. Different CNN architectures often learn distinct feature representations due to variations in network
depth, connectivity patterns, and convolutional operations [36]. As a result, fusion-based learning approaches have gained
increasing attention in recent years [37]. Fusion techniques combine complementary information extracted from multiple deep
learning models to improve classification performance and enhance model stability [38]. In medical imaging, fusion-based
transfer learning can integrate diverse feature representations and decision-making strategies to achieve more reliable and
accurate disease classification [39]. Fusion strategies are generally categorized into feature-level fusion and decision-level fusion
[40]. Feature-level fusion combines deep features extracted from multiple neural networks before classification, allowing the
model to leverage complementary image representations [41]. Decision-level fusion aggregates predictions generated by
multiple models using ensemble techniques such as majority voting, averaging, or weighted combination [42]. These hybrid
frameworks have demonstrated superior performance compared to standalone models in several medical imaging applications,
including lung disease detection, cancer diagnosis, retinal disease classification, and neurological disorder analysis [43].
Consequently, fusion-based transfer learning frameworks are increasingly recognized as promising solutions for developing
robust and high-performance computer-aided diagnostic systems [44]. Although deep learning systems provide outstanding
predictive capabilities, one of the major challenges limiting their widespread clinical adoption is the lack of interpretability [45].
Most CNN-based models operate as "black-box” systems, where the internal reasoning behind predictions remains largely
inaccessible to clinicians and end-users. In high-stakes domains such as healthcare, transparency and trustworthiness are
essential requirements for Al deployment. Physicians and healthcare professionals must understand why an Al system produces
a specific diagnosis before integrating it into clinical workflows. The absence of interpretability may reduce clinician confidence,
hinder regulatory approval, and raise ethical concerns regarding accountability and fairness. To address these limitations,
Explainable Artificial Intelligence (XAl) has emerged as a rapidly growing research field focused on improving the transparency
and interpretability of Al systems.
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Figure 3. Explainable Al visualization highlighting critical pulmonary regions influencing deep learning-based lung
disease classification.

XAl techniques aim to provide meaningful explanations regarding model behavior, feature importance, and prediction rationale.
In medical imaging, explainability methods can highlight diagnostically relevant regions within an image, enabling clinicians to
visualize the pathological patterns influencing the model’s decision. This not only enhances user trust but also facilitates clinical
validation and improves collaboration between Al systems and healthcare professionals. Several XAl techniques have been
widely adopted for interpreting deep learning models in healthcare applications. Local Interpretable Model-Agnostic
Explanations (LIME) generates local approximations to explain individual predictions by identifying influential image regions.
SHapley Additive exPlanations (SHAP) utilizes game theory concepts to quantify feature contributions toward model outputs.
Integrated Gradients estimate feature importance by analyzing gradients along the interpolation path between baseline and
input images. Gradient-weighted Class Activation Mapping (Grad-CAM) is another popular visualization technique that
highlights important spatial regions associated with classification results. These methods provide visual and quantitative insights
into the reasoning process of deep learning systems, thereby improving transparency and reliability in clinical applications. The
integration of explainability into fusion-based transfer learning frameworks is particularly important for lung disease
classification in the United States healthcare environment. Al systems designed for clinical decision support must comply with
ethical standards, transparency requirements, and regulatory expectations. Explainable Al frameworks can help clinicians verify
model predictions, identify potential biases, and ensure fair diagnostic performance across diverse patient populations.
Furthermore, explainability enhances educational value by allowing medical practitioners and researchers to better understand
disease-specific imaging characteristics identified by deep learning models. In recent years, several studies have investigated Al-
driven lung disease classification using chest X-rays and CT scans. Existing research has demonstrated promising results for
detecting pneumonia, COVID-19, tuberculosis, and lung cancer using CNN-based architectures. However, many previous studies
primarily focus on achieving high classification accuracy while neglecting interpretability and clinical transparency. Moreover,
limited attention has been given to hybrid fusion-based transfer learning frameworks that combine multiple architectures
alongside explainable Al techniques [41]-[77]. This research gap highlights the necessity for advanced diagnostic systems
capable of delivering both high predictive performance and interpretable clinical insights. Motivated by these challenges, this
study proposes an explainable fusion-based transfer learning framework for lung disease classification using chest X-ray and CT
imaging data within the context of the U.S. healthcare system. The proposed framework integrates multiple state-of-the-art CNN
architectures to enhance feature representation and classification robustness. Specifically, deep transfer learning models such as
ResNet50, ResNet101, and EfficientNetBO are utilized for extracting discriminative image features and performing disease
classification. In addition, feature-level and decision-level fusion strategies are incorporated to combine complementary
information from multiple models, thereby improving overall diagnostic performance. To ensure transparency and clinical
interpretability, the proposed framework integrates explainable Al techniques including LIME, SHAP, and Integrated Gradients.
These methods provide visual explanations highlighting critical pathological regions influencing classification decisions. The
incorporation of XAl not only improves clinician trust but also supports reliable and ethical Al deployment in healthcare settings.
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The proposed system aims to assist radiologists and healthcare professionals by reducing diagnostic workload, improving
consistency, and enabling faster clinical decision-making. The major contributions of this study can be summarized as follows: (1)
development of an advanced fusion-based transfer learning framework for lung disease classification, (2) integration of multiple
deep CNN architectures for robust feature extraction and enhanced diagnostic accuracy, (3) incorporation of explainable Al
techniques to improve interpretability and transparency, and (4) evaluation of the proposed framework within a U.S.-centric
healthcare context using chest X-ray and CT imaging data. The findings of this study are expected to contribute toward the
advancement of trustworthy and intelligent Al-driven healthcare systems capable of supporting accurate pulmonary disease
diagnosis and improving patient care outcomes.

2. Methodology

This study presents an advanced explainable fusion-based transfer learning framework for automated lung disease classification
using chest X-ray (CXR) and Computed Tomography (CT) scan images. The proposed framework is designed to identify multiple
pulmonary abnormalities, including Lung Opacity, Viral Pneumonia, and Normal lung conditions, while simultaneously improving
interpretability through Explainable Artificial Intelligence (XAl) techniques. The complete workflow integrates image
preprocessing, data augmentation, transfer learning architectures, feature fusion strategies, and explainability mechanisms to
develop a reliable computer-aided diagnostic system for clinical applications.
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Figure 4. Overall Workflow of the Proposed Explainable Fusion-Based Lung Disease Classification Framework

The proposed framework begins with image preprocessing and augmentation to improve image quality and increase dataset
diversity. Subsequently, multiple transfer learning models including ResNet50, ResNet101, and EfficientNetBO are employed for
feature extraction and classification. Hybrid fusion strategies are then applied at both feature and decision levels to improve
classification robustness. Finally, Explainable Al techniques such as SHAP, LIME, and Integrated Gradients are integrated to
provide interpretable visual explanations of the model predictions.

2.1 Dataset Preparation and Image Preprocessing
Two publicly accessible medical imaging datasets were utilized in this research. The first dataset consists of chest X-ray images
categorized into Normal, Lung Opacity, and Viral Pneumonia classes, while the second dataset contains CT scan images divided
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into Normal and Pneumonia categories. These datasets were selected to evaluate the effectiveness of the proposed framework
across multiple pulmonary disease detection scenarios. Before model training, several preprocessing operations were performed
to standardize the imaging data and improve learning efficiency. Initially, all images were resized to 224 x 224 pixels to ensure
compatibility with the transfer learning architectures. Pixel intensity normalization was then applied to scale image values within
a consistent range, thereby accelerating convergence during training. In addition, grayscale conversion was performed to reduce
computational complexity while preserving diagnostically important structural information. To improve model generalization and
reduce overfitting, data augmentation techniques were employed dynamically during training. These augmentation methods
included random rotations, zoom operations, horizontal flipping, width shifting, and height shifting. The augmentation process
artificially increased dataset diversity and enabled the models to learn invariant image features under varying imaging
conditions.
The mathematical formulation for image normalization can be expressed as:
Xnorm = X~ Xmin
Xmux - Xmin
where:

o X,ormrepresents the normalized image,

e  Xdenotes the original image intensity,

o Xpnmand X,.correspond to the minimum and maximum pixel intensity values.
The datasets were partitioned into training, validation, and testing subsets using a 70:20:10 ratio to ensure robust model

evaluation on unseen data.
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Figure 5. Image Preprocessing and Data Augmentation Techniques Applied to Chest X-ray and CT Images
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2.2 Transfer Learning Models
2.2.1 ResNet50 Architecture
The ResNet50 architecture was employed as one of the primary transfer learning models for pulmonary disease classification.
ResNet50 is a deep convolutional neural network containing 50 layers with residual skip connections that effectively address the
vanishing gradient problem. These residual connections enable deeper feature extraction and facilitate improved learning
performance in complex medical imaging tasks. The pre-trained ImageNet weights were utilized as initialization parameters,
allowing the model to leverage previously learned visual representations. The original fully connected layers were replaced with
customized classification layers tailored for lung disease classification.
The residual learning operation in ResNet50 is mathematically represented as:
Hx)=F(x)+x

where:

e H(x)is the output mapping,

e  F(x)denotes the residual function learned by the network,

e xrepresents the input feature map.
The modified architecture incorporates Global Average Pooling (GAP), dense layers with ReLU activation, dropout regularization,
and a SoftMax output layer for final classification.
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Figure 6. Fine-Tuned ResNet50 Transfer Learning Architecture for Lung Disease Classification

2.2.2 ResNet101 Architecture
ResNet101 is a deeper extension of the ResNet family consisting of 101 convolutional layers. The architecture provides enhanced
capability for extracting high-level semantic features from complex chest imaging data. Similar to ResNet50, residual skip
connections enable stable gradient propagation and efficient deep network optimization. A transfer learning strategy was
adopted by freezing the initial convolutional layers while fine-tuning the final classification layers using the medical imaging
datasets. Global Average Pooling and fully connected layers were integrated to adapt the architecture for lung disease
classification tasks.
The SoftMax activation function used for probability estimation is expressed as:
e
P(y) = e

where:

e P(y;)represents the probability of class i,

e  z;denotes the output score for class i,

e ncorresponds to the total number of target classes.
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2.2.3 EfficientNetBO Architecture

EfficientNetBO was employed due to its computational efficiency and strong classification performance. The architecture uses
compound scaling to balance network width, depth, and image resolution simultaneously. Transfer learning was performed
using ImageNet pre-trained weights, followed by replacement of the original classification head with custom dense layers.
Dropout regularization was incorporated to reduce overfitting and improve model generalization.
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Figure 8. EfficientNetB0 Transfer Learning Framework for Pulmonary Disease Classification

2.2.4 Feature-Level Fusion Strategy
To improve feature representation quality, a hybrid feature-level fusion approach combining ResNet50 and EfficientNetBO was
proposed. The deep feature maps extracted from both networks were concatenated to create a unified feature representation
capable of capturing complementary pathological patterns.
The concatenated feature vector is represented as:
Ffusion = [Fresnetsos FEfficientNetBO]

where:

®  Frusiondenotes the fused feature vector,

®  Fresnetsorepresents features extracted from ResNet50,

®  Fefricientnetpodenotes features extracted from EfficientNetBO.
The fused features were subsequently processed through convolutional and dense layers to perform final disease classification.
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Figure 9. Proposed Feature-Level Fusion Architecture

2.2.5 Decision-Level Fusion Strategy
A decision-level fusion framework integrating ResNet50 and ResNet101 predictions was also developed. In this approach, both
models independently generate classification probability distributions, which are then combined through concatenation and
processed using a lightweight fully connected neural network.
The decision fusion process can be expressed as:
Dfusion = aDgesnetso + BDresnet101

where:

®  Drysionrepresents the final fused decision,

®  Dpesnetso@nd Dresyeriordenote predictions from the respective models,

e qand Bare weighting coefficients.
This ensemble mechanism improves prediction robustness and generalization performance.

3.2.6 Explainable Artificial Intelligence (XAl)

To enhance interpretability and clinical transparency, Explainable Al methods including SHAP, LIME, and Integrated Gradients
were integrated into the proposed framework. These techniques identify image regions contributing most significantly to model
predictions, thereby improving clinician trust and supporting reliable medical decision-making.

I. SHAP

SHAP quantifies the contribution of each feature toward the final prediction using Shapley values derived from cooperative
game theory.

The SHAP formulation is defined as:

SITAN|-=IS|-D)!
¢i=z STEANTAS T oy iy — £(s))
SEN\(}

I[N |!

Il. LIME
LIME generates interpretable local approximations of complex deep learning models by fitting a simpler surrogate model around
a specific prediction.
The optimization objective of LIME is expressed as:
arg min geg L(f, g, mx) + Q(g)

lll. Integrated Gradients

Integrated Gradients compute feature importance by integrating gradients along the path between a baseline image and the
input image.

The Integrated Gradients equation is represented as:
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Figure 10. Explainable Al Visualizations Using SHAP, LIME, and Integrated Gradients

The integration of XAl techniques improves transparency by highlighting diagnostically significant image regions associated with
pulmonary abnormalities. These visual explanations support clinical validation and facilitate trustworthy Al-assisted diagnosis in
healthcare environments.

3. Result

This section presents the experimental findings and performance analysis obtained from the proposed explainable fusion-based
transfer learning framework using both chest X-ray and CT scan datasets. The models were trained using a batch size of 16 for
120 epochs to ensure stable convergence and robust feature learning. Multiple single and hybrid deep learning architectures
were evaluated to analyze their effectiveness in pulmonary disease classification.

3 .1 Evaluation Metrics

To assess the effectiveness of the proposed models, several widely adopted performance metrics were utilized, including
Accuracy, Precision, Recall, F1-score, and Confusion Matrix analysis. These metrics provide comprehensive insight into
classification capability and model reliability for medical image analysis tasks.

Accuracy
Accuracy measures the proportion of correctly classified samples among the total number of instances.
4 TP+ TN
CUTaY = TP TN + FP + FN
Where:

e TP = True Positive
e TN = True Negative
e  FP = False Positive
e FN = False Negative

Precision
Precision evaluates the proportion of correctly predicted positive cases among all predicted positive samples.

Precision = —————
recision TP + FP

Recall
Recall measures the capability of the model to correctly identify actual positive samples.

Recall = m
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F1-Score

F1-score represents the harmonic mean of precision and recall.

Precision X Recall
F1 Score =2 X

Precision + Recall

3.2 Results Analysis
To thoroughly evaluate the classification capability of the proposed architectures, confusion matrices were generated for each
experimental setup. These matrices provide detailed insights into correct classifications and misclassification patterns across
different disease categories. The analysis was conducted separately for the chest X-ray multi-class classification dataset and the
CT scan binary classification dataset.
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Figure 11. Confusion Matrices for Chest X-ray Classification Using (a) ResNet50, (b) ResNet101, (c) EfficientNetBO, (d)
ResNet50 + EfficientNetB0, and (e) ResNet50 + ResNet101 Models

The confusion matrices obtained from the chest X-ray classification experiments demonstrate the comparative effectiveness of
both single and hybrid architectures across three categories: Normal, Lung Opacity, and Viral Pneumonia.

The ResNet50 model achieved satisfactory classification performance; however, several misclassifications were observed between
Lung Opacity and Normal categories. ResNet101 improved Lung Opacity recognition capability while slightly reducing errors
among the remaining classes. EfficientNetBO further enhanced classification accuracy by minimizing inter-class confusion.

The hybrid fusion architectures significantly improved overall performance. The feature-level fusion model combining ResNet50
and EfficientNetBO achieved higher classification consistency with fewer misclassified samples. Moreover, the decision-level
fusion strategy integrating ResNet50 and ResNet101 demonstrated the highest classification accuracy with minimal confusion
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across all categories. These observations indicate that ensemble and fusion mechanisms effectively improve discriminative
feature learning and model robustness in chest X-ray analysis.
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Figure 12. Confusion Matrices for CT Scan Pneumonia Classification Using Single and Hybrid Deep Learning Models

The confusion matrices generated for CT scan classification reveal strong diagnostic performance for all evaluated models.
ResNet50 successfully identified the majority of Normal and Pneumonia cases with relatively few classification errors. ResNet101
achieved comparable performance but exhibited slightly higher false-negative rates for Pneumonia detection.

EfficientNetBO showed comparatively lower classification effectiveness, with increased misclassification rates for both Normal and
Pneumonia classes. In contrast, the hybrid models substantially improved prediction reliability. The feature-level fusion
architecture combining ResNet50 and EfficientNetBO achieved excellent Normal case classification with significantly reduced
false predictions.

Among all evaluated methods, the decision-level fusion architecture integrating ResNet50 and ResNet101 achieved near-perfect
classification performance with only minimal false-positive and false-negative predictions. These results confirm that decision-
level fusion effectively combines complementary predictive strengths from multiple architectures, leading to highly accurate CT
scan-based pneumonia detection.
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Table 1. Performance Comparison of Single and Hybrid Models for Chest X-ray Classification

Case Type Model Precision Recall F1 Score

Normal ResNet50 78% 81% 79%
ResNet101 75% 80% 77%
EfficientNetBO 89% 94% 91%

ResNet50 + EfficientNetB0O 93% 92% 92%
ResNet50 + ResNet101 93% 95% 94%

Viral Pneumonia ResNet50 91% 93% 92%
ResNet101 88% 92% 90%
EfficientNetBO 98% 96% 97%

ResNet50 + EfficientNetB0O 99% 97% 98%
ResNet50 + ResNet101 98% 99% 99%

Lung Opacity =~ ResNet50 78% 81% 79%
ResNet101 83% 73% 78%
EfficientNetBO 94% 90% 92%

ResNet50 + EfficientNetBO 93% 92% 92%

ResNet50 + ResNet101 98% 99% 99%
Table 1 demonstrates the comparative performance of individual and hybrid deep learning architectures for multi-class chest X-
ray classification. Among the standalone models, EfficientNetBO achieved the highest classification performance across all
categories, particularly for Viral Pneumonia and Lung Opacity detection.
The fusion-based models consistently outperformed individual architectures. The feature-level fusion strategy improved feature
representation quality and achieved strong classification performance. However, the decision-level fusion approach combining
ResNet50 and ResNet101 achieved the highest overall Precision, Recall, and F1-score values across all disease categories. These
findings demonstrate that combining complementary deep learning models substantially improves robustness and diagnostic
reliability.

Table 2. Performance Comparison of Single and Hybrid Models for CT Scan Classification

Case Type Model Precision Recall F1 Score

Normal ResNet50 93% 94% 93%
ResNet101 77% 2% 84%
EfficientNetBO 77% 81% 79%

ResNet50 + EfficientNetBO 89% 99% 94%
ResNet50 + ResNet101 99% 100% 100%

Pneumonia ResNet50 94% 92% 93%
ResNet101 94% 92% 93%
EfficientNetBO 80% 76% 78%

ResNet50 + EfficientNetBO 99% 88% 93%
ResNet50 + ResNet101 100% 99% 100%

Table 2 summarizes the performance analysis of the evaluated architectures for CT scan-based pneumonia classification.
ResNet50 demonstrated strong classification capability for both Normal and Pneumonia cases, while EfficientNetBO showed
comparatively weaker performance.

The hybrid architectures achieved significant improvements over individual models. The feature-level fusion approach produced
stable and balanced classification performance. Most notably, the decision-level fusion architecture integrating ResNet50 and
ResNet101 achieved near-perfect classification results, highlighting the effectiveness of ensemble learning for pulmonary disease
detection in CT imaging.
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Table 3. Comparative Performance of Single and Hybrid Models for Chest X-ray and CT Scan Datasets

Model

ResNet50 84.72%
ResNet101 83.62%
EfficientNetBO 93.39%

ResNet50 + EfficientNetBO 93.97%
ResNet50 + ResNet101 95.68%

82.33%
82.00%
93.66%
95.00%
96.33%

85.00% 83.33%
81.66% 81.66%
93.33% 93.33%
93.66% 94.00%
97.66% 97.33%

93.34%
82.69%
78.32%
94.00%
99.61%

93.50%
85.50%
78.50%
94.00%
99.50%

Chest X-ray Accuracy Precision Recall F1 Score CT Scan Accuracy Precision Recall F1 Score

93.00% 93.00%
92.00% 88.50%
78.50% 78.50%
93.50% 93.50%
99.50% 100%

Table 3 presents the overall comparative analysis of all evaluated architectures across both imaging modalities. The findings
indicate that model effectiveness varies depending on imaging characteristics and disease representation.
ResNet50 demonstrated superior performance on CT scan images, while EfficientNetBO achieved stronger performance on chest
X-ray images. Hybrid fusion models consistently produced higher classification accuracy and improved generalization capability
compared to standalone architectures.
Among all methods, the decision-level fusion architecture combining ResNet50 and ResNet101 achieved the best overall
performance for both chest X-ray and CT scan datasets. The model obtained 95.68% accuracy for chest X-ray classification and

99.61% accuracy for CT scan classification, accompanied by exceptionally high Precision, Recall, and F1-score values.

These results confirm three important observations:
1. Imaging modality significantly influences model behavior and classification performance.
2. Fusion-based architectures effectively combine complementary feature representations.
3. Decision-level fusion provides the most robust and reliable strategy for automated pulmonary disease classification.
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Figure 13. Training and Validation Performance Curves of ResNet50 + EfficientNetB0O Using Chest X-ray Images

The feature-level fusion model combining ResNet50 and EfficientNetBO demonstrated stable learning behavior and strong
classification capability throughout training. Accuracy, Precision, Recall, F1-score, and AUC values increased steadily before
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reaching stable convergence at high-performance levels. Simultaneously, loss curves decreased smoothly without significant
fluctuations, indicating effective optimization and limited overfitting. The elevated AUC and F1-score values demonstrate strong
discriminative capability and balanced classification performance. These findings suggest that feature-level fusion successfully
improves representational learning and enhances model generalization for chest X-ray classification tasks.
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Figure 14. Training and Validation Performance Curves of ResNet50 + ResNet101 Using Chest X-ray Images

The decision-level fusion model exhibited consistent performance improvement across training epochs. Accuracy and F1-score
curves converged steadily toward high values, reflecting successful optimization and stable learning behavior. Precision and
Recall remained closely aligned throughout training, indicating balanced classification capability with reduced false-positive and
false-negative predictions. The AUC values remained consistently high, demonstrating excellent class separability. Moreover,
synchronized convergence of training and validation loss curves confirmed strong generalization capability and minimal
overfitting. Compared with feature-level fusion, the decision-level fusion approach provided enhanced robustness and improved
Recall performance for clinically sensitive classifications.
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Figure 15. Training and Validation Performance Curves of ResNet50 + EfficientNetB0O Using CT Scan Images

The feature-level fusion model trained on CT scan images achieved rapid convergence and highly stable classification
performance. Accuracy, Precision, Recall, and F1-score values increased sharply during initial training stages before stabilizing
near optimal values. The close overlap between training and validation curves indicates excellent generalization performance.
Additionally, the AUC remained consistently close to 1.0, demonstrating outstanding discriminative capability across different
decision thresholds. Although minor fluctuations appeared in validation metrics, these variations were temporary and did not
indicate instability or overfitting.
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Figure 16. Training and Validation Performance Curves of ResNet50 + ResNet101 Using CT Scan Images

The decision-level fusion architecture applied to CT scan classification demonstrated highly effective learning performance with
stable convergence behavior. Accuracy and F1-score curves rapidly increased and stabilized at near-perfect levels, confirming
successful adaptation of the transfer learning models to CT imaging data.Precision and Recall maintained strong alignment
throughout training, reflecting balanced sensitivity and specificity. Furthermore, training and validation loss curves converged
synchronously without divergence, indicating robust generalization capability and minimal overfitting. Compared with chest X-
ray classification results, CT scan-based performance exhibited smoother convergence and slightly higher metric values due to
the richer structural and spatial information available in CT imaging.
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Figure 17. LIME-Based Explainability Visualization for Viral Pneumonia Detection

The LIME-based explainability visualizations provide qualitative insights into the decision-making behavior of both single and
hybrid deep learning architectures. The highlighted image regions indicate the pulmonary areas contributing most significantly
to the classification outcomes. Among the standalone architectures, ResNet50 identified diagnostically relevant regions but
exhibited relatively scattered activation patterns. ResNet101 generated more focused activation regions with improved
localization capability. Hybrid fusion architectures produced more consistent and clinically meaningful visual explanations,
highlighting the effectiveness of combining complementary feature representations. The explainability results demonstrate that
the proposed fusion-based transfer learning framework not only achieves high classification accuracy but also provides
transparent and interpretable diagnostic insights that can support clinical decision-making and improve physician trust in Al-
assisted healthcare systems.

4. Conclusion

This study proposed an explainable fusion-based transfer learning framework for automated lung disease classification using
chest X-ray and CT scan images within the context of modern U.S. healthcare systems. The proposed framework integrated
multiple deep learning architectures, including ResNet50, ResNet101, and EfficientNetBO, alongside feature-level and decision-
level fusion strategies to improve classification accuracy, robustness, and generalization capability. Experimental findings
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demonstrated that the hybrid fusion models consistently outperformed standalone architectures across all evaluation metrics,
including Accuracy, Precision, Recall, and F1-score. In particular, the decision-level fusion model achieved the highest
performance with 95.68% accuracy for chest X-ray classification and 99.61% accuracy for CT scan classification.

To enhance transparency and clinical reliability, Explainable Artificial Intelligence (XAl) techniques such as SHAP, LIME, and
Integrated Gradients were incorporated to visualize diagnostically significant pulmonary regions influencing model predictions.
The explainability analysis confirmed that the proposed framework provides clinically meaningful visual interpretations while
maintaining high predictive performance. Overall, the study demonstrates that fusion-based transfer learning combined with
explainable Al offers a reliable, interpretable, and scalable solution for intelligent pulmonary disease diagnosis and computer-
aided clinical decision support in modern U.S. healthcare environments.
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